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Abstract—This paper presents a practical approach to uti-
lizing emergency response resources (ERRs) and post-disaster
available distributed energy resources (PDA-DERs) to improve
the resilience of power distribution systems against natural
disasters. The proposed approach consists of two sequential
steps: first, the minimum amount of ERRs is determined in a
pre-disaster planning model; second, a post-disaster restoration
model is proposed to co-optimize the dispatch of pre-planned
ERRs and PDA-DERs to minimize the impact of disasters
on customers, i.e., unserved energy for the entire restoration
window. Compared with existing restoration strategies using
ERRs, the proposed approach is more tractable since 1) in the
pre-disaster stage, the needed EERs are determined based on
the prediction of energy shortage and disaster-induced damages
using machine learning-based algorithms (i.e., cost-sensitive-RF-
QRF for prediction of outage customers, random forest for
prediction of outage duration, and CART for prediction of
disaster-induced damages); 2) in the post-disaster stage, the
super-node approximation (SNA) and the convex hull relaxation
(CHR) of distribution networks are introduced to achieve the best
trade-off between computational burden and accuracy. Tests of
the proposed approach on IEEE test feeders demonstrated that a
combination of SNA and CHR remarkably reduces the solution
time of the post-disaster restoration model.
Index Terms—Natural disasters, power system resilience,
restoration, mobile energy resources, machine learning, convex
hulls, super-node.
NOMENCLATURE
Sets, Parameters
Ωders,Ωmers Set of DERs & MERs
Ωres Set of MDGs, MPVs, DGs, PVs
Ωs Set of MESSs & ESSs
`ik Squared of current capacity limit of line ik
pLi,t, p
L
i,t, q
L
i,t, q
L
i,t Total and critical active and reactive power
demand at node i at time t
Sik Power carrying capacity limit of line ik
vi, vi Minimum and maximum limits of voltage
at node i
CMDGj , C
MES
j , C
MPV
j Per unit cost of MDGs, MESSs,
MPVs of type j
Ey,spli , y ∈ Ωs Surplus energy in energy storage at node i
EES ti , S
ES t
i Total MWh, MVA capacity of ESSs at node
i
EMES sj , S
MES s
j Size (MWh, MVA) of MESSs of size type
j
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M A scalar constant
pGi,t, q
G
i,t Active, reactive grid power at node i at time
t
pPV ti,t Active power capacity of PVs at node i at
time t
pDG ti , q
DG t
i Total active, reactive power capacity of
DGs at node i
pMDG sj , p
MPV s
j Size (MW) of MDGs, MPVs of size type
j
rc,ei , r
c,ct
i , c ∈ Ωs Total & converter resistance in energy stor-
age at node i
rik, xik Resistance and reactance of line ik
Variables
`ik,t Squared of current flow on line ik at time
t
Nzi,j , z ∈ Ωmers Required number of MERs (MDGs, MPVs,
MESSs) of size type j at node i
Ngj , g ∈ Ωmers Total number of required MERs (MDGs,
MPVs, MESSs) of size type j
P y,li,t , y ∈ Ωs Power loss in energy storage at node i at
time t
pxi,t, q
x
i,t, x ∈ Ωders Active & reactive power output of DERs
at node i at time t
pxi,t, q
x
i,t, x ∈ Ωmers Active & reactive power output of MERs
at node i at time t
pik,t, qik,t Active and reactive power flow on line ik
at time t
uik,t Operating status of line ik at time t
vi,t Squared of voltage at node i at time t
I. INTRODUCTION
IN recent years, high-impact low-frequency (HILF) eventssuch as hurricanes, ice storms, earthquakes, cyber attacks,
etc. are happening at a higher frequency [1]. Impacts of
such HILF events are colossal [2], and it has been reported
that such events may cause loss of billions of dollars to
United States every year [3]. An important measure to mitigate
this issue is improving the resilience of critical infrastructure
(CI) systems such as electricity, water delivery, transportation,
communication systems, health, finance etc. Among all, the
power system plays a fundamental role since all other CI
systems rely heavily on electricity. There is no commonly
accepted definition for resilience of power systems thus far.
According to [4], power system resilience can be considered
as “the ability to prepare for and adapt to changing conditions
and withstand and recover rapidly from extreme outages.”
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2Therefore, strategies for fast and effective restoration of power
supply after extreme events play an important role in power
system resilience.
Early-stage research activities related to power system
restoration are mainly focused on the black-start of trans-
mission and generation systems [5], [6]. They have described
restoration strategies and issues for bulk power system restora-
tion using centralized generation and bulk transmission sys-
tems. Utilization of PDA-DERs along with microgrid and
networked microgrids formation after natural hazards was
studied in the last few years [7], [8]. Here, the PDA-DERs
are referred to as the grid-connected DERs that survive from
the disaster, for example, diesel generators (DGs), energy
storage systems (ESSs), and photovoltaics (PVs). Recently,
some researchers started exploring the possibility of using
ERRs, such as repair crews (RCs) and mobile energy resources
(MERs) [9], [10], to accelerate the power systems recovery.
Existing research results show that this is an effective strategy
with high potential.
However, there are still some critical questions to be an-
swered. For instance, how to properly determine the needed
ERRs before the disaster? A scenario-based method for the
pre-allocation and pre-positioning of MERs is investigated in
[9], [10]. However, the huge number of scenarios generated
to simulate the post-disaster conditions makes the proposed
methods not practical in real-world applications. Moreover,
which type, what size of MERs, and which locations are the
best for disaster-relief? These questions have not yet been
well-studied in the literature.
In modern power systems, the penetration of grid-integrated
distributed energy resources is undergoing a rapid growth
[11]. In [7], [8], the utilization of PDA-DERs with micro-
grid and networked microgrids formation has been shown as
an effective strategy for distribution system recovery after
natural disasters. However, many DERs are intermittent or
non-dispatchable, which raises an important question: how to
coordinate ERRs with PDA-DERs to expedite the post-disaster
restoration.
Since the power system is in a state of chaos after disasters
[12], solving post-disaster restoration problems is computa-
tionally challenging, as reported in the literature. The main
challenges arise from 1) nonlinearity of the power flow model,
2) nonlinearity of DERs and MERs models, and 3) combi-
natorial nature of the optimization problem. It is an urgent
need to develop a computationally-effective solution method to
solve the restoration problem of disaster-impacted distribution
systems.
This paper seeks answers to the above-mentioned critical
questions, based on which a practical two-stage framework of
utilizing ERRs and PDA-DERs to accelerate the restoration
process of distribution systems after disasters, as shown in
Figure 1, is developed. Note that power outage informa-
tion collectively refers to post-disaster energy shortage and
disaster-induced damages in Figure 1. Main contributions of
this paper can be summarized as followings:
1) In the pre-disaster stage, two-stage cost-sensitive-
random forest-quantile regression forest (cost-sensitive-
RF-QRF) for the prediction of outage customers [13],
classification and regression trees (CART) for the pre-
diction of damaged poles/lines and DERs [14], and
random forest (RF) for the prediction of outage duration
[15] are leveraged to estimate the post-disaster energy
shortage and disaster-induced damages, based on which
the needed number, type, and size of ERRs are deter-
mined by a proposed optimization model. In this paper,
energy shortage refers to the total unmet power demand
of customers due to outages resulting from a disaster.
Compared with existing approaches that determine the
needed ERRs based on a huge number of scenarios [9],
[10], the proposed method is more technically feasible.
2) To improve the computational efficiency of the post-
disaster restoration model, the super-node approximation
(SNA) is introduced, which reduces the problem size
without significant loss of accuracy (refer to the proof
in Section III-C for more details). Then, the convex hull
relaxation (CHR) is adopted to convexify the overall
optimization model to reduce the computational burden
further.
Pre-disaster Planning
1) Machine learning to predict power outage information
2) Optimization model to determine needed ERRs
Super-node approximation
Post-disaster Restoration
Co-optimization of ERRs and PDA-DERs
Post-disaster assessment
Convex hulls relaxation
Needed ERRs
Fig. 1. The proposed framework for distribution system restoration.
The rest of the paper is organized as follows: Section
II provides the description of the pre-disaster planning, and
Section III describes the post-disaster restoration. Section IV
provides case studies and results, and Section V concludes
with the conclusion and the potential future research.
II. PRE-DISASTER PLANNING
A. Machine Learning Models to Predict Outages and DERs
Availability
To determine the needed ERRs for a geographical area
in pre-disaster planning, post-disaster energy shortage and
disaster-induced damages need to be predicted a period (gen-
erally a few days) before the disaster. The information about
the post-disaster energy shortage includes the amount and
duration of outage loads. Similarly, the information about
disaster-induced damages refers to damaged poles/lines and
DERs. There exist some research findings on the pre-disaster
forecast of outage customers and durations, and damaged poles
[13]–[15]. In this paper, we adopt cost-sensitive-RF-QRF to
predict the number of outage customers [13], random forest
(RF) to predict outage durations [15], and CART to predict
3damaged poles/lines and DERs [14], as shown in Figure 2.
The classification and regression trees (CART) based methods,
which were proposed in [14] to predict damaged poles, are
modified to predict the damaged DERs in this paper. It is
noted that outage prediction models adopted herein provide
the aggregate forecasts of outage customers and durations,
damaged poles/lines, and damaged DERs. Although the above-
mentioned forecast models may not be perfectly accurate, we
believe that they can provide necessary information for ERRs
planning.
1)  Weather data
2)  Bio-physical 
environmental data
3)  Power system 
data
1)  Random Forest
3)  Classification 
and regression 
trees (CART)
2)  cost-sensitive-
RF-QRF
1)  Outage durations
4)  Damaged poles/lines
2)  Outage customers
Input features
Models Output
3)  Damaged DERs
Needed RCs
Fig. 2. Machine learning models to predict outage information.
From the estimates of outage customers and duration and
total connected loads of customers, we obtain total energy
shortage (in MW and MVAr) and shortage duration (in hours)
for a geographical area to get hit by a disaster. Similarly, from
the predictions of damaged poles and lines, the required repair
crews (RCs) are determined, as shown in Figure 2. Calculation
of the required number of RCs based on the estimates of
damaged poles/lines and available resource capacity of an RC
is a straightforward problem and is not discussed further in
the paper for the brevity. As shown in Figure 2, all three
outage prediction models have input features related to weather
data, bio-physical environmental data, and power system data.
For further understanding of the models, interested readers are
referred to [13]–[15].
B. Discussion on Different Types of MERs
There exist various types of MERs, such as mobile diesel
generators (MDGs), mobile energy storage systems (MESSs),
and mobile photovoltaics (MPVs). The best type of MERs or
the optimal mix of different types of MERs is determined
based on the predicted PDA-DERs, costs of MERs, and
predicted energy shortage and shortage durations, as shown
in Figure 3. MDGs have both operating and initial rental
or purchasing costs while MESSs and MPVs do not have
operating costs. Since the operating cost is generally much
lower than the initial purchasing or rental cost, we do not
consider the operating cost of MDGs in this paper. Generally,
the initial purchasing or rental costs of MESSs and MPVs are
high in comparison to MDGs. However, MESSs are desirable
for a distribution grid with available renewable generators
after a disaster. As such, in order to determine the optimal
mix of different types of MERs for a specific post-disaster
energy shortage, an optimal planning model of MERs will be
designed in the next subsection based on the above discussion,
as depicted in Figure 3.
Predicted PDA-DERs 
information
Predicted energy shortage 
and duration
MERs cost information
Optimization model
Optimal MERs mix
Fig. 3. Framework for optimal generation mix of of MERs.
C. Optimization Model to Determine Needed MERs
Using the above-predicted information of energy shortage
and PDA-DERs as inputs, we design an optimization model to
determine the needed MERs for a geographical area to get hit
by a disaster. The objective function (1) is chosen to minimize
the total cost of MERs. The cost of MERs can be interpreted in
different ways: the initial setup cost, or the actual purchasing,
or rental cost. The decision variables of primary interest in
the pre-disaster planning model are NMDGj , N
MES
j , N
MPV
j ,
which provide the optimal size, number, and type of MERs
for a predicted post-disaster energy shortage. The overall
optimization model is given as follows:
Min.

NMDGj∑
j=1
CMDGj N
MDG
j +
NMESj∑
j=1
CMESj N
MES
j
+
NMPVj∑
j=1
CMPVj N
MPV
j

(1)
S.t.:
pMDGt + p
MES
t + p
MPV
t + p
DG
t + p
ES
t + p
PV
t = p
L
t (2)
qMDGt + q
MES
t + q
MPV
t + q
DG
t + q
ES
t + q
PV
t = q
L
t (3)
pˆt
L ≤ pLt ≤ pˆtL (4)
qˆt
L ≤ qLt ≤ qˆtL (5)
0 ≤ pMDGt ≤
∑
j
NMDGj p
MDG s
j (6)
0 ≤ pDGt ≤ pˆDG t (7)
pMPVt =
∑
i
NMPVi p
MPV s
i (8)
pPVt = pˆ
PV t
t (9)
k1 ∗ pdt ≤ qdt ≤ k2 ∗ pdt , d ∈ Ωres (10)
0 ≤ EMES,spl −
∑
t
(
pMESt + p
MES,l
t
)
∆t
≤
∑
j
NMESj E
MES s
j (11)
(
pMESt
)2
+
(
qMESt
)2 ≤
∑
j
SMES sj N
MES
j
2 (12)
0 ≤ EˆES,spl −
∑
t
(
pESt + p
ES,l
t
)
∆t ≤ EˆES t (13)
(
pESt
)2
+
(
qESt
)2 ≤ (SˆES t)2 , (14)
4where equations (2) and (3) are power balance constraints,
and inequalities (4) and (5) are load limits. Operating limits
of MDGs, DGs, MPVs, and PVs are forced by inequalities
(6), (7), (8), (9), and (10). Note that an appropriate PV profile
is used to modify the active power capacity of solar stations
to limit power extraction only when solar power is available.
To maintain near-constant power factor operation in machines
and networks, constraint (10) ensures that the reactive power
from MDGs, DGs, MPVs, and PVs is a fraction of respective
active power output, where k1, k2 are constants with k1 ≤
k2 ≤ 1. Constraints (11) and (13) describe the state of charge
(SoC) for MESSs and ESSs, respectively. Since power flow is
not considered in the pre-disaster planning model, power loss
terms in (11) and (13) are ignored; however, they are included
in the post-disaster restoration where a post-disaster network
is considered. Constraints (12) and (14) describe the MVA
capacity limits of MESSs and ESSs. It should be noted that
PVs are considered non-dispatchable; however, energy storage
and DGs are considered dispatchable. Note that the parameters
with a hat (ˆ) over them are the estimated parameters obtained
from outage prediction models described in Section II-A.
III. POST-DISASTER RESTORATION
The different types of required MERs and RCs determined
in Section II will be prepared by the restoration engineers be-
fore the disaster. This section presents an optimization model
to co-optimize 1) allocation and dispatch of pre-determined
MERs in coordination with PDA-DERs to supply the outage
loads, and 2) dispatch of pre-determined repair crews (RCs)
to restore outage lines. Due to inherent nonlinearities and the
combinatorial nature of the problem, the original optimization
model is computationally intractable. For rapidly obtaining
an accurate solution of this complex optimization problem,
two techniques, i.e., convex-hull relaxation and super-node
approximation, are introduced, which significantly improve the
computational efficiency.
A. Optimization Formulation
In the restoration process, all available ERRs (including
MERs and repair crews) and PDA-DERs should be optimally
coordinated based on the network damage information ob-
tained from post-disaster damage assessment. Choosing an
objective function of minimizing the unserved energy, the post-
disaster restoration model can be given as:
Min.
∑
t
∑
i
(
pLi,t − pLi,t
)
∆t (15)
S.t.:
(4)-(14)
− (1− uik,t)M ≤ vi,t − vk,t − 2 (rikpik,t + xikqik,t)
+
(
(rik)
2
+ (xik)
2
)
`ik,t ≤ (1− uik,t)M (16)
(pik,t)
2
+ (qik,t)
2
= vi,t`ik,t (17)
(vi)
2 ≤ vi,t ≤ (vi)2 (18)
0 ≤ `ik,t ≤ `ik (19)
(pik,t)
2
+ (qik,t)
2 ≤ (Sik)2 (20)
rc,ei
(
pci,t
)2
+ rc,cti
(
qci,t
)2
= pc,li,tvi,t, c ∈ Ωs (21)
pGi,t + p
MDG
i,t + p
MES
i,t + p
DG
i,t + p
ES
i,t
+ pPVi,t − pLi,t =
∑
j
(pji,t − rji`ji,t) +
∑
k
pik,t (22)
qGi,t + q
MDG
i,t + q
MES
i,t + q
DG
i,t + q
ES
i,t
+ qPVi,t − qLi,t =
∑
j
(qji,t − xji`ji,t) +
∑
k
qik,t (23)∑
i
Ngi,j ≤ Ngj ,∀j, g ∈ Ωmers (24)
− uik,tM ≤ pik,t ≤ uik,tM (25)
− uik,tM ≤ qik,t ≤ uik,tM (26)
uik,t ≥ uik,t−1 (27)∑
ik
αmik,t ≤ 1,∀m,∀t (28)
αmji,t+τ + α
m
ik,t ≤ 1,∀m,∀τ ≤ TTji,ik (29)
βmik,t ≤ αmik,t (30)∑
m
βmik,t ≤ 1,∀ik, ∀t (31)
uik,t+1 ≤
∑
m
∑
t β
m
ik,t
RTik
,∀ik. (32)
The objective function (15), on the other hand, minimizes
the restoration time of loads, since smaller energy not served
for the entire horizon implies shorter restoration times of
loads. Moreover, this objective function also expedites the
restoration of outage lines as the faster the outage lines are
restored, the quicker the loads are served, and the smaller
the energy not served is. The decision variables of primary
interest in post-disaster model are MER allocation variables
(NMDGi,j , N
MES
i,j , N
MPV
i,j ) and variable related to status of
outage lines (uik,t).
Constraints (4)-(14) in the pre-disaster model are also
applicable in the post-disaster model. The difference is that
the parameters with a hat ( ˆ ) over them are no longer
estimated parameters by the outage prediction models; they
are obtained from the post-disaster assessment here. Besides,
the parameters and the variables in constraints (4)-(14) in the
pre-disaster model are used to represent a whole geographical
area. However, they are used to include all the islands formed
after the disaster in the post-disaster model. Therefore, for
example, NMESj in (11) and (12) is replaced with N
MES
i,j to
allocate MERs in post-disaster islands.
The DistFlow model [11], [16] is adopted to model power
flows (16) and (17). Voltage limits are imposed by the con-
straint (18). Thermal and power carrying capacity of lines
are forced by constraints (19) and (20), respectively. A high
fidelity second-order model [17] is adopted to model energy
storage systems. The power loss due to charging and dis-
charging in MESSs and ESSs is modeled by constraint (21).
The nodal power balance is achieved via equations (22) and
(23). Constraint (24) ensures that the number of MERs in the
post-disaster model does not exceed the number of MERs
determined in the pre-disaster planning model. Constraints
(25) and (26) are used to remove unavailable lines from the
5optimization model. Constraint (27) ascertains that once a line
is operating, it remains operable.
Constraints (28)-(32) describe the dispatch of pre-
determined repair crews (RCs). Note that constraints are
applicable for both single or multiple repair crew dispatch.
The binary variable αmik,t provides the travelling status of RC
m in reference to line ik at time t. Another binary variable,
βmik,t, is introduced, which provides the working status of RC
m in reference to line ik at time t. If αmik,t = 1, RC m is at line
ik at time t. If amik,t = 0, RC m is either visiting other lines or
traveling in the network at time t. Similarly, if βmik,t = 1, RC
m is repairing line ik at time t. Constraint (28) represents that
an RC can visit one line at a time. The constraint (29) means
that an RC spends TTji,ik time to travel from a line ji to a
line ik. The constraint (30) indicates that RC m repairs a line
ik at time t only if it is visiting the line ik at time t. Constraint
(31) indicates that only one repair crew can work at a line at a
time; however, it is noted that it can be easily changed to allow
multiple RCs to work on a line simultaneously. Constraint (32)
represents that RCs should spend a minimum of RTik time
repairing a damaged line ik before the status of the damaged
line ik can be changed to operating.
B. Convex Hull Relaxation
The post-disaster restoration model presented in Section III-
A is a mixed-integer nonlinear program (MINLP) problem,
where the nonlinearities come from the power flow equation
(17) and the energy storage model (21). Such an MINLP form
of a larger test system is computationally expensive. Moreover,
the global optimality of a solution can not be guaranteed
either. To mitigate these issues, the convex hull relaxation
[17], which is considered one of the tightest convex relaxation
of the DistFlow model in radial networks, is used to relax
the original MINLP problem into a mixed-integer convex hull
program (MICHP) problem. It has been shown in [18] that
an MICHP problem is much more computationally-tractable
than an MINLP problem of the same size. The convex hulls
relaxation of nonlinear nonconvex constraints (17) and (21) are
given in the following equations (33) and (34), respectively.
Please refer to Appendix-A for the definition of auxiliary
variables adopted herein.{
‖Axik,t‖2 − bTxik,t ≤ 0
cTikxik,t − dik ≤ 0
(33)
∥∥Ayαi,t∥∥2 − bTyαi,t ≤ 0∥∥Aαi yαi,t∥∥2 − bTyαi,t ≤ eαi
(cαi )
T
yαi,t − dαi ≤ 0, α ∈ Ωs
(34)
Replacing (17) and (21) with (33) and (34), respectively, the
MINLP model is relaxed to a mixed-integer convex hull pro-
gram (MICHP), which is computationally more manageable.
However, with the MICHP formulation, the optimal restoration
problem for a relatively large distribution system like the IEEE
123-node test feeder is still challenging to solve. To further
mitigate this computational efficiency issue, the super-node
approximation is introduced in the following subsection.
C. Super-node Approximation for Dimension Reduction
The super-node approximation is introduced herein to re-
duce the dimension of large scale post-disaster systems, which,
in turn, reduces the computational burden of the problem. A
similar dimension reduction approximation referred to as the
vertex collapse technique is used in graph theory [19], [20]. A
disaster-impacted IEEE 13-node test feeder, shown in Figure
4, is used to illustrate the super-node approximation in the
context of distribution system restoration. After the disasters,
the feeder is divided into four islands due to damage of some
feeder lines. Each of these islands is represented by an aggre-
gated node, which is referred to as a super-node in this paper.
All PDA-DERs and loads within an island are aggregated
at the corresponding super-node. For example, super-node I
contains nodes 650, 632, 633, and 634, and their loads and
PDA-DERs. Similarly, super-nodes II, III, IV represent the
other three islands. As a result, the number of nodes considered
in the computation is significantly reduced. For example, the
IEEE 13 node test feeder with three damaged lines is converted
to a network with four super-nodes. Therefore, instead of 13
nodes, four super-nodes are used in the optimization model,
which is solved very efficiently, as shown in the next section.
TS
II
I
IIIIV
TS
Damaged line
Fig. 4. Illustration of super-node approximation.
Remark. The super-node approximation can provide satisfac-
tory accuracy in the context of post-disaster restoration in
distribution systems.
To support the statement in the above remark, a mathemat-
ical analysis is given as follows:
1) Power losses in feeder lines are not of interest in the
process of post-disaster restoration: Therefore, the terms in
the DistFlow model that are related to losses can be ignored,
which results in the following LinDistFlow model [11], [16]:
pGi,t + p
MDG
i,t + p
MES
i,t + p
DG
i,t + p
ES
i,t
+ pPVi,t − pLi,t =
∑
j
pji,t +
∑
k
pik,t (35a)
qGi,t + q
MDG
i,t + q
MES
i,t + q
DG
i,t + q
ES
i,t
+ qPVi,t − qLi,t =
∑
j
qji,t +
∑
k
qik,t (35b)
vi,t − vk,t − 2 (rikpik,t + xikqik,t) = 0. (35c)
62) Voltage difference inside an electrical island is negligi-
ble: Note that a post-disaster electrical island is a part of a
distribution network, which generally consists of a few nodes.
Namely, the electrical distance between any two nodes inside
an island is generally short with very small voltage difference.
For example, consider nodes 692 and 675 in super-node III
from figure 4. Assume that node 692 is transmitting (4+j3)
KVA of power to node 675 at 4.16 KV (1 p.u.). Using system
parameters of the IEEE 13-node test feeder, the voltage of
node 675 is calculated to be 4.03 KV, using equations (16)
and (17). Hence, the voltage difference between node 692 and
675 is found to be 0.16 KV (0.03125 p.u.), which is a very
small quantity and is negligible. Therefore, with the voltage
difference omitted, constraint (35c) reduces to
vi,t − vk,t = 0, (36)
where i and k ∈ Nj (Nj is the set of nodes of the jth island).
Constraints (35a), (35b), and (36) together imply that all nodes
in an island can be aggregated into one single node, i.e. the
super-node.
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Fig. 5. Post-disaster distribution feeder for Case Study I.
IV. CASE STUDY AND RESULTS
This section presents the experimental results of testing the
proposed approaches on the IEEE 37-node (Case Study I) and
the IEEE 123-node (Case Study II) test feeders. The two test
feeders are modified by replacing some lines with damaged
lines to simulate the damages caused by the disaster, as shown
in Figures 5 and 6. For the 37-node test case, we assume that
six lines are damaged i th disaster, and seven islands are
formed after the disasters, as shown in Figure 5. For the 123-
node test case, we assume that eight lines are damaged in
the disaster, and nine islands are formed after the disaster, as
shown in Figure 6. In real-world applications, such network
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Fig. 6. Post-disaster distribution feeder for Case Study II.
outage information is obtained from the post-disaster damage
assessment, which is not in the scope of this paper. The convex
optimization problems were solved by GUROBI solver via the
PYOMO package on a PC with a 64-bit Intel i5 dual-core CPU
at 2.50 GHz and 16 GB of RAM while MINLP problems were
solved by KNITRO solver using NEOS server.
TABLE I
PREDICTED POWER SHORTAGE (CASE STUDY I & II).
Period 1 2 3 4 5 6 7 8
Power shortage-CS: I (MW) 2.21 2.46 2.33 2.09 2.09 2.21 2.46 2.33
Power shortage-CS: II (MW) 3.14 3.49 3.32 2.97 2.97 3.14 3.49 3.32
TABLE II
UNIT COST OF AVAILABLE MER (CASE STUDY I & II).
MDGs MESSs MPVs
Size Cost Size Cost Size Cost
1 MW $1000 1.5 MWh/0.5 MVA $1000 0.3 MW $1000
1.5 MW $1500 2.5 MWh/1 MVA $1500 0.4 MW $1500
TABLE III
LOCATIONS OF POST-DISASTER AVAILABLE DERS (CASE STUDY I & II).
DGs ESSs PVs
Capacity Node # Capacity Node # Capacity Node #
CS-I 200 KW 709 200 KWh/50 KVA 720 500 KW 701
CS-II 100 KW 94 300 KWh/75 KVA 25 2 MW 18
200 KW 52 2 MW 35
Firstly, the pre-disaster planning model is executed to de-
termine the optimal amount of ERRs needed in the post-
disaster restoration and recovery based on the estimated energy
shortage and shortage duration, as provided in Table I, and the
estimated disaster-induced damages. Note that the predicted
energy shortage is for a whole distribution network, and one
period in Table I represents four hours. The cost and the size of
available MERs are provided in Table II. For the Case Study,
we have assumed that costs of MDGs, MESSs, and MPVs
are equal, i.e., CMDGj = C
MESS
j = C
MPV
j , which implies
that objective function (1) minimizes the size of required
MERs in the pre-disaster model. However, distribution system
7TABLE IV
REPAIR TIME OF DAMAGED LINES (CASE STUDY I & II).
Line # 1 2 3 4 5 6 7 8
Repair Time: CS-I (Hrs) 3 4 6 3 5 6
Repair Time: CS-II (Hrs) 4 3 5 4 7 2 5 7
TABLE V
OPTIMAL LOCATIONS OF NEEDED MERS (CASE STUDY I & II).
MDGs MESSs
Size Super-node # Size Super-node #
CS-I 1.5 MW I
CS-II 1 MW VI 2.5 MWh/1 MVA I
operators (DSOs) can choose these cost parameters based on
their available markets. Post-disaster available DERs (PDA-
DERs) such as DGs, ESSs, and PVs are also considered in
the pre-disaster planning model. The availability of DERs in
the immediate post-disaster restoration, as discussed before,
is obtained using machine learning-based outage prediction
models. The details of considered PDA-DERs in both Case
Study I (CS-I) and Case Study II (CS-II) are given in Table III.
For both Case Study, the fuel reserves for DGs and MDGs are
assumed to be sufficient for the entire duration of restoration.
The optimal mix of needed MERs for CS-I and CS-II, obtained
from the pre-disaster planning model, is provided in Table V.
Then, the post-disaster restoration model is executed to
determine the optimal locations of pre-determined MERs and
the optimal operation period of damaged distribution lines.
In addition to line outage information from post-disaster
assessment and optimal mix of MERs obtained from the pre-
disaster planning model, other parameters of the post-disaster
restoration model are repair times of damaged lines (as in
Table IV) and the crew travel times in the network. Note that
due to lack of relevant data, crew travel times in the networks
were randomly generated in MATLAB for both Case Study,
and for the brevity, they are omitted in the paper. Also, note
that available grid power for the entire restoration window is
assumed to be zero for both Case Study; however, it can be
easily included in the optimization if available.
A. Case Study I
As a result of the super-node simplification, the post-
disaster IEEE 37-node feeder is reduced to seven aggregated
nodes and six damaged lines in the optimization model. The
operation period of damaged lines obtained from the post-
disaster restoration model is provided in Table VII, where one
TABLE VI
COMPUTATIONAL PERFORMANCE OF PROPOSED SOLUTION APPROACH.
Base SNA CHR SNA+CHR
CS-I Objective value N/A N/A 19.74 MWh 19.72 MWh
Time >8h >8h ≈1h 33s
CS-II Objective value N/A N/A 21.70 MWh 21.57 MWh
Time >8h >8h ≈6h 228s
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Fig. 7. TER vs. TES comparison.
period represents four hours. The optimal locations of MERs
obtained from the post-disaster model are provided in Table V.
Note that two pre-determined RCs are used to repair damaged
lines in this case study. As seen from the Table, two RCs
repair three damaged lines each, all the damaged lines come
to operation by period 7.
B. Case Study II
The super-node approximation simplifies the large-scale
post-disaster IEEE 123-node feeder to nine super-nodes and
eight damaged lines. Table VII provides the operation period
of damaged lines. Besides, the optimal locations of MERs are
provided in Table V. It is noted that two pre-determined RCs
are used in this case study as well. As seen from the Table,
two RCs repair four damaged lines each, all the damaged lines
are brought to operation by period 8.
In both Case Study, the obtained locations of MERs and the
operation period of damaged lines are the optimal solutions for
achieving the minimum unserved energy for the entire restora-
tion window. Bar charts of the total energy required (TER) vs.
the total energy supplied (TES) for each period are provided
in figures 7(a) and 7(b) for CS-I and CS-II, respectively; note
that one period represents four hours. The difference of TER
and TES is unserved energy. It is worth noting that unserved
energy gets smaller and smaller when more and more damaged
lines come to operation. The operation period of damaged
lines is affected by various system-specific parameters, such
as availability of grid power, locations and presence of PDA-
DERs, amount of ERRs, repair times of damaged lines, and
crew travel times in the network.
C. Computational Performance
The computational performance of proposed solution ap-
proaches, convex hull relaxation (CHR) and super-node ap-
proximation (SNA), was compared individually and jointly
with MINLP form of the original problem, as shown in Table
VI. In Table VI, Base refers to the original MINLP form of
the post-disaster restoration model without CHR and SNA.
Similarly, SNA refers to the MINLP form of the model with
SNA, but without CHR. CHR refers to the convex form of
the model after CHR, but without SNA. SNA+CHR refers
to the convex form of the model with SNA and CHR. The
NEOS server could not solve Base and SNA forms of the
model, citing that computation exceeded the time limit of
8 hours, which indicates that MINLP form of the model is
computationally intractable. CHR form of the model for CS-I
8TABLE VII
OPERATION TIME OF OUTAGE LINES (CASE STUDY I & II).
Line # 1 2 3 4 5 6 7 8
Operation period: CS-I 2 (RC-2) 2 (RC-1) 4 (RC-1) 5 (RC-2) 4 (RC-2) 7 (RC-1)
Operation period: CS-II 2 (RC-1) 2 (RC-2) 7 (RC-1) 8 (RC-2) 6 (RC-2) 3 (RC-1) 4 (RC-2) 5 (RC-1)
and CS-II was solved in approximately 1 hour and 6 hours,
respectively. Similarly, the SNA+CHR form of the model took
33 seconds and 228 seconds for CS-I and CS-II, respectively.
It is seen that CHR and SNA+CHR forms have almost identical
objective values; however, the SNA+CHR form of the model
for both CS-I and CS-II was solved remarkably efficiently.
V. CONCLUSION
In the presented paper, we have proposed a practical
approach for disaster-resilient restoration of the distribution
systems using ERRs in coordination with PDA-DERs. The
handling of MERs from procurement/purchase to their oper-
ation in restoration is investigated in detail. The pre-disaster
planning model is proposed to obtain the minimum amount of
ERRs needed for a predicted post-disaster energy shortage, us-
ing outage prediction models. In the post-disaster restoration,
damage assessment information and the pre-determined ERRs
from the pre-disaster model are fed to the post-disaster model.
The model co-optimizes ERRs and PDA-DERs to minimize
the unserved energy, obtaining the optimal operation period of
damaged distribution lines.
The proposed post-disaster model in MINLP form is con-
vexified first using convex hull relaxation. Besides, the super-
node approximation is introduced to solve the MICHP model
for larger test feeders efficiently. The proposed approach and
solution methods are tested using the IEEE 37 and 123
node test feeders. The test results indicate the successful pre-
disaster and post-disaster allocation of ERRs in coordination
with PDA-DERs for the disaster-resilient restoration of the
distribution system.
APPENDIX A
DEFINITION OF AUXILIARY VARIABLES
The definition of auxiliary variables for convex hull relax-
ation obtained in Section III-B is provided below:
A = diag(
[√
2,
√
2, 1, 1
]T
),
b = [0 0 1 1]
T ,
xik,t = [pik,t qik,t `ik,t vi,t]
T ,
yαi,t =
[
pαi,t q
α
i,t p
α,l
i,t vi,t
]T
,
Aαi = diag(
[
0,
√
2rα,bti , 1, 1
]T
),
cik =
[
0 0 vivi
(
Sik
)2]T
,
cαi =
[
0 0 vivi r
α,e
i (S
α t
i )
2
]T
,
dik = (vi + vi)
(
Sik
)2
,
dαi = r
α,e
i
(
vi + vi
)
(Sα ti )
2,
eαi = r
α,e
i (S
α t
i )
2
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